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Designing Interactive Distance Cartograms to Support Urban Travelers
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This is an integrated analysis platform for urban data. We collect urban data from many different application
domains in a real middle size city with 7millions population. The amount of the data per day is about 300GB, and
the entire timeline of the data we process is about 30 days in one mouth. The data itself is massive and
heterogeneous, posing a huge challenge on data analysis and management.
To fuse and investigate the large amount of data, assist the security or government apartment to supervise and
control the situation of the city. Our analysis platform support data querying, data analyzing, and data reasoning.
To provide data overview, data querying and data analyzing, the entire interface can be separated into two parts.
The left part is an information panel, listing the data and their attributes we get. Including. The data sources are
comprehensive covering human behaviors, the social, and static things like building. (X% & )L/ e it 1K)
To analyze the data, the second part uses comprehensive views of displaying our daily life and support data querying
and data reasoning. It is quite useful to do some management, plaining and decision making. When addressing a
complex cross domain query, we can separate it into a series of simple query and information extraction across
single data source. For example, when we want to find which place do people most likely lost their things. We can
first query twitters which has the keyword ‘lost’. And extract the geo-location information of the twitter to find
what POl is near the twitter. (IXINETTIRIEFERLIH, G “ K7, A, Wox, fukJUAS, sl s, #hil
frE, WBRZHTRISRAE, &4 POI, i), Won, UK
Each query operation can be divide into three stages, select data source, input query condition and define the
Boolean condition of the conditions. When we get the query results, a situation awareness interface based on a
map can help to show the detail of the results. By interact with the map, we can investigate the data and extract
the information which we are interest to be a query condition to do the next step query.

In addition to the main views. We can integrate other technology to help manage and provide automatic analysis



of urban data. The left views using deep learning algorithm and KNN technology to analyze the functionality of the

cell phone towers in the city. (1 I 7 i B R A0 H HE L Ve . )

By R sCEgsTHRI

1.

I think the main problem is that the paper is written as a technique paper, but actually is an
application paper... BEERMGREBANE, IR, BB,

the book, called “Visual Analysis of Movement” is just one of the critical material. B£ES2% ik

The requirements stated in the introduction and motivate the paper is a repetition of the same idea, just
phrased differently: “Semantic query over trajectory data is a type of fuzzy searching where trajectories
related to the query keywords” and “Handling Uncertainty: The system should perform effective semantic
query over uncertain data of the mobile phone recorded trajectories.” Both are the same in my opinion,
and they are both very high level. XHEIBIMNESR, FEUKE. — BB EM AWM AWARKPL, —RET
B S AR ERIELIE . BiiE R

Chapter 4 and 5 review more the state—of—the—art in movement analysis and how it has been used int he
current context. The figure 6 is a great demonstration of the visual encoding and mapping. However, there
is a lack of evidence of a contribution. ATHFEMNTTERAMAEH K. LAERNTIER, Kl

The paper presents novel ideas but lacks in giving motivation, justifying design decisions, and
evaluating results. (R3)

The case—studies aim at demonstrating the use of the tool for a well-defined use case. I struggle with
this a little bit:

- if the questions and queries the user states, are very exact, how do you define the fuzzy—ness here?#¥
WMERE, PR, TTLAE SISO

- I am not quite sure about some of the discoveries: if there is a shopping center around a train
station, or not, can not be a finding of the system, but rather a fact, that should have been known by
any domain expert as well as any person in the area. So what is discovered here?®E fiJSFE R JE 1A KHEH
EARE, Ak

the paper read to me more as an application or system paper, than a technique paper. When rewriting in
this format and adding appropriate evaluation, the paper might draw a lot of interest. st P $EMAN
T 22 1 1] A B

Besides the case studies, no other support for the effectiveness is reported (e.g., user study, expert
feedback). (R1)

In the paper, I would clearly state what is the state—of—the—art and the contribution beyond it, whatever
is not the contribution of the paper, should be emphasized this way. There should be also a clear
statement of the actual contribution. N5 H & AT AL TTHR KA 21

evaluation is by far not sufficient to demonstrate the usefulness of the approach. Current results of the
case studies are rather trivial and do not require a sophisticated analysis. BT, BlFA4H, G004
I strongly advice to carry out a user study to evaluate if the design decisions are reasonable and the

resulting approaches are useful und understandable/usable. (R3)

Results are too weak and not mapped to the claimed contributions of the paper. The contributions are not

declared properly, do not represent a novel addition, and are not motivated by the reviewed related work.

VA SR TTRA



1. The presented solution is novel, but I have concerns regarding its usefulness and soundness of the visual
representation. The evaluation of the approach just consists of a two small case studies that do not
provide sufficient evidence on the effectiveness of the approach. B ML A mis s 1T ok, BB ME%
PRRIIESE, SFMFREREE X, RIETTRMEHD, MREERIL, P ERE XLtk . 72l 05
A 0P . 5 70 A IR T T A 6 XA R AR

2. However, I was surprised to not find a discussion of how previous work reconstructed and visualized
trajectories from mobile phone usage data. There exists relevant work that should be referenced and
discussed, for instance: Z I LAEHIXEL, /24, FiEk 51 H
[} Sagl, Gtinther, Martin Loidl, and Euro Beinat. “A visual analytics approach for extracting spatio-

temporal urban mobility information from mobile network traffic.” ISPRS International Journal of
Geo—Information 1, no. 3 (2012): 256-271.

[ ] Tovan, Corina, Ana-Maria Olteanu-Raimond, Thomas Couronné, and Zbigniew Smoreda. “Moving and
calling: Mobile phone data quality measurements and spatiotemporal uncertainty in human mobility
studies.” In Geographic Information Science at the Heart of Europe, pp. 247-265. Springer
International Publishing, 2013.

[ ] Smoreda, Zbigniew, Ana-Maria Olteanu-Raimond, and Thomas Couronné. “Spatiotemporal data from mobile
phones for personal mobility assessment.” In Transport survey methods: best practice for decision
making, pp. 745-768. Emerald Group Publishing Limited, 2013.

[ ] Sagl, Guenther, Eric Delmelle, and Elizabeth Delmelle. “Mapping collective human activity in an

urban environment based on mobile phone data.” Cartography and Geographic Information Science 41, no. 3

(2014) : 272-285.

by knowing the exact stop points of trips, one does not automatically know the following activity = T#L

T AN E E I BIT I o

[ C. Parent, S. Spaccapietra, C. Renso, G. Andrienko, N. Andrienko, V. Bogorny, M. L. Damiani, A.

Gkoulalas—Divanis, J. Macedo, N. Pelekis, Y. Theodoridis, and Z. Yan.: Semantic trajectories modeling and

analysis. ACM Computing Surveys (CSUR), 45 (4):42:1-42:32, 2013.

[ ] R. Kriiger, D. Thom, and T. Ertl.: Visual analysis of movement behavior using web data for context

enrichment. In IEEE Pacific Visualization Symposium (PacificVis), pages 193 -200. IEEE Computer Society,

2014a

[ ] Wei Zeng, ChiWing Fu, Stefan Arisona, Kwan Liu Ma: Visualizing the Relationship Between Human

Mobility and Points of Interest. In IEEE Transactions on Intelligent Transportation Systems PP(99):114,

2017.

Furthermore as the paper deals with uncertainty and geovisualization, the authors could discuss how their
thoughts align with MacEachren’s taxonomy of uncertainy.
[ J MacEachren, Alan M., et al. "Visualizing geospatial information uncertainty: What we know and what we

need to know.” Cartography and Geographic Information Science 32.3 (2005): 139-160.

Another missing part is visual querying. As a main part of the paper concerns the finding of different

situations and a query language for semantic trajectory data, the authors should not only discuss index

structures but also approaches about textual/visual querying and trajectory querying. For example, I found

[ ] F. Haag, R. Kriiger, and T. Ertl.: VESPa: A pattern-based visual query language for event sequences. In
11th Joint Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications (IVAPP),

volume 7, pages 48 -59, 2016



It presents a visual query language for semantically enriched trajectory data, which looks very similar to the

result patterns presentation in this work. The authors should clearly discuss similarities and differences

MacEachren, Alan M., et al. “Visualizing geospatial information

uncertainty: What we know and what we need to know.” Cartography and

Geographic Information Science 32.3 (2005): 139-160

The paper also does not discuss uncertainty that comes from sparsely sampled trajectory data (extracted from

social media) [8] [Krueger et al., 2016], which is similar to uncertainty caused by imprecise location

estimation. B 25 RAFE AT E M

(not referenced) Krueger, Robert, Guodao Sun, Fabian Beck, Ronghua Liang, and Thomas Ertl. “TravelDiff:
Visual comparison analytics for massive movement patterns derived from twitter.” In Pacific Visualization
Symposium (PacificVis), 2016 IEEE, pp. 176-183. IEEE, 2016
Tt is important that the paper discusses the preprocessing of trajectories and the enrichment with
semantic information in detail. While T can follow the general approach already, some details are not yet
clear: [AEHS MIMERERIZ TG, X BRIPRANT MBI H2 Bidkin & w LLEEL
* In the vector representation, S T is described sufficiently, but there is no precise definition of L t
and N_sp.

*% In the first level of clustering, I do not understand how vectors can be compared: As I understand the
definitions, S T can have different length, so different vectors R T are not part of the same vector
space.

* In the second level of clustering, it is unclear what “same semantics” means. Since, the semantics
are assigned in a ‘fuzzy’ way, an equivalence relation is not obviously given.

* In the third level of clustering, the condition that the trajectory “commonly pass at least one
region” does not lead to a partition of the trajectories into non—overlapping sets because a trajectory
might share different regions with different other trajectories

Hence, different types of POIs should be treated differently. I do not see this reflected in the
approach, nor do I find a discussion how time information is treated exactly. POI Ni%na] LA#E X /0%l 45, {5
B AR T 1 X ) L 12 B A A

However, the result is maybe to condensed already. For instance, in Figure 1, T do not see much
difference between the listed trajectories, except the small number in front or behind the middle node.
Is is possible to expand this number and see the full trajectory? Also, each trajectory consumes
considerable space, but hundreds of trajectories might be included in a cluster. The cluster view is
scrollable as the video shows, but does not have a scrollbar or indicates how many trajectories are
contained in the cluster. How are the trajectories sorted in the cluster? FEKAHWR, YETHITESE L
FH—FE, PR BE R R R . JATEX BRI — ST R i et B R AR R R, TR
7E, MRS, SRR, HALASGO. RERFBEERE. B LESHEERS.



10.

11.
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T do not see the need for a new and complicated hierarchy representation called HoneyComb. The nesting of
hierarchy elements obfuscates the inner nodes — it is hard to see the structure of the hierarchy in the
result. The overall picture of the hierarchy does not provide much helpful information; like the video
shows, considerable zooming and investigating details that appear on demand is required to find
meaningful information. The map—like appearance might mislead users to seek or expect a correlation of
the position in the hierarchy map with the actual geographic locations. Using a plain icicle plot like
done in the paper for illustration purposes might be a better solution. By the way, there is already a
visualization named “Honeycomb” :

Van Ham, Frank, Hans—Jorg Schulz, and Joan M. Dimicco. “Honeycomb: Visual analysis of large scale social
networks. ” In IFIP Conference on Human-Computer Interaction, pp. 429-442. Springer Berlin Heidelberg,
2009.

T S R S B AL ROR, SR R B IR DR R . AR FUR BV A S AT AL X — )

The paper does not describe how the trajectories and heatmaps are plotted. Given that the reconstructed
trajectories are uncertain, it would be helpful to see the varying level of uncertainty in the plotted
lines. One solution could be to use a splatting approach and vary the width of the kernel depending on
the current level of uncertainty. I am not sure about the usefulness of the heatmaps. Do they somehow
aggregate the stopover times at a certain location? How to handle uncertainty of this location?
BRI B, A RBR TR, R ERIEE ERRE AR, WRREAHEERE, EEAR
AAHENE. BB REMEPL R

Further, I find it confusing that, when a query is issued, the results in the map do not show a set of
trajectories already, but first just a set of POIs. Bf]J5 45 B ER, AR, AR EEEE &I

I am missing a clearer definition of the grammar in the paper. For instance, it stays unclear to what
extent the predicates can be mixed and nested. Maybe, a form—based interface to specify the query would
be easier to use, for instance, where I can just select time spans from a calendar, instead of having to
type in the precise date. BIIFIAMIEL, IFEFEY ], AHPTEREKNNE ELRED

The case studies do not provide sufficient evidence for the usefulness of the approach. Some of the
findings do not go beyond the trivial, for instance, “most people come to the train station for
traveling “ or “that there are many facilities on education around the campus” . Even worse, many
findings do not require to study any trajectory data, but are just based on locations of POIs. None of
the examples convinced that the approach is effective to detect noteworthy patterns. ¥A& BT, & M)A
W, EA A A B R AT A5

I also cannot follow some of the conclusions drawn, for instance: How can I see that “Riding the train

is the major way for citizens to head to other cities” (how to compare that with other means of



transport)? Or why does is the train station not satisfying? #l-TFHINEAUEIELE, HBib—iHr B R HEE,
IX R REAZ AR B ) A

12.  Usually city districts and different kinds of community landuse (e.g. industry, businesses, and housing)
also follow terrain restrictions and are of different shape and sizes. This is not taken into account in
this work. i AT ELLLIBKI KA, ARESEHR, RINENATEEE, BREHEMALHETIELE, RMNK2
B RFFEFEE LRGN, T,

13.  The size of each area (in the Voronoi partition) and the amount of POIs in each area is critical. How do
you determine the granularity of the size of the areas? (R4) POI #&#ilVEH, MZAIE—5

14.  Unfortunately, there is no validation. Is may be difficult to get ground truth data (e.g. paths of people
with known activities) to validate if the model also suggest the right activities. However, at least a
discussion about this issue and pointing to some works that have carried our evaluation should be
included! For example
S. Reumers, F. Liu, D. Janssens, M. Cools, and G. Wets. Semantic annotation of gps traces: Activity type
inference. In Proceedings of the 92nd Annual Meeting of the Transportation Research Board (DVD-ROM).
Transportation Research Board of the National Academies, 2013
BCF ground truth, XA ERL, AIULFHEMEBRIRE], JHSHT AR R BIHEATX b, RN 280 S8 2 )l etk e
Tk R Rett.

15. T think it could be difficult to understand the hierarchy, if every level is based on different
decisions. The authors explain the three hierarchy levels, but it is not said why they were chosen in
this order and for what purpose this is useful. ANfFAES=F. EHI LB A AT

16. As the items are layouted in a spiral-manner it could be that some items are next to each other which do
not really have much in common. 25 F#ifs, MMEBILIIER, RN UEIGAL, FAAMEST, BB ZE FRa.

17.  Another remaining question is, if the approach also finds some longer activity sequences. v 2274 5 N 241K
HEA],

18.  The authors should give some more background on why the studies are carried out. Is there somebody
interested in the data? Where does the movement data and the POI data exactly come from? How was it
derived? What are the main questions to be answered?>%F case FFEI—LLE BN, FHUFEDR T 0] 5,

19.  Here it remains unclear to what algorithms the approach was exactly compared to and on which machine the
results were achieved. T recommend to either delete the runtime discussion completely or to add much more

details. KTPERELLEL, REFHE, BHFERINESMTIE

T did not fully understand the encoding for the honeycomb chart. In addition to stating the way the chart was
created (in section 6.2), an explanation of what the chart represents from a user (the analyst) point of view
is needed. What is the encoding for the color? what does the structure of each cluster represent? how can the
user “zoom in” to see a single honey comb? This is made a bit clearer in the attached movie, but needs to be
explained also in the paper. i A2 B M A AT LAUHAS SE 4015 — 2k,

—— How did you come up with the user tasks for the querying condition? This should be based on some analysis
of possible user tasks of spatial data.

User task FIBIHL, H AITEE N LAY

— How does this method generalize to other types of data? What other types of data (other than cell phone GPS
data) might benefit from this approach?

AR SRR AR AR 2 A AT L



